Abstract-Motivation. To bootstrap an integrated map of Drosophila segmentation gene expression from partial data taken from individual embryos.
Introduction
Genomic technologies are rapidly producing large amounts of gene expression data. In spite of their power, one drawback of these methods is that DNA microarrays and related technologies cannot as yet visualize spatially controlled gene expression in tissues in situ. Such information is critical for genomic scale studies of developmental biology. The scientific questions that will be faced when such genomic scale in situ technologies are developed can be addressed now in certain important developmental systems, such as the fruit fly Drosophila.
Confocal laser scanning microscopy is a powerful tool for the imaging of gene expression in a developing embryo. Its advantage over DNA microarrays is its ability to measure expression levels over space at cellular resolution, but a concomitant disadvantage is its inability to measure more than a relatively small number of gene products from a given tissue sample. In this paper, we address this problem by presenting registration methods by means of which observations of the expression of a small number of different genes in many samples can be synthesized into an integrated dataset of gene expression at cellular resolution.
We have developed a method for acquisition of gene expression data by confocal scanning microscopy in the context of a particular biological system, namely the segment determination system of the fruit fly Drosophila melanogaster (Kosman et al., 1997, Kosman et al., 1998 and Kosman et al. in preparation) . Our aim is the deciphering of the molecular mechanisms which control this process , Hewitt et al., 1999 , and a central part of this work is the construction of a quantitative atlas of segmentation gene expression at cellular resolution.
Like all other insects, the body of the fruit fly Drosophila melanogaster is made up of repeated units called segments. Before the segments morphologically differentiate, their pattern is marked out by a chemical blueprint in a process called "determination". Segment determination takes place during the blastoderm stage of development, during which time the embryo is a roughly prolate spheroid of about 5000 nuclei. Early in the blastoderm stage the nuclei are not separated by cell membranes, but during the determination process membranes invaginate and separate the nuclei into discrete cells, a process that comes to completion at the same time that the segments are determined.
The initial determination of the segments is a consequence of the expression of about fifteen genes (Nusslein-Volhard et al., 1985) , which are mainly transcription factors (Akam, 1987 , Ingham, 1988 . Among them are "maternal coordinate genes" expressed from the mother to provide asymmetric initial conditions. Other genes are zygotic and are expressed in patterns that become more spatially refined over time. This refinement is a consequence of members of the network regulating one another's synthesis in a precise manner. Of particular importance are members of the "gap" and "pair-rule" classes of segmentation genes. Gap genes are expressed with unimodal or bimodal concentration profiles which become gradually steeper, while pair-rule genes initially express protein in a single very broad domain that restricts to seven narrow domains over a relatively short time interval. Thus one can view the expression pattern as a collection of "domains", each of which is a region of expression containing one concentration maximum. 1
The confocal scanning equipment at our disposal permits scanning for the expression of up to three genes at once. Although data can be taken from different combinations of three gene products, these patterns cannot be directly superimposed because of small individual differences among the isogenic population. If each embryo were stained for a common gene product and two others that vary among the dataset, it would be possible to make small coordinate transformations on each embryo so that expression domains of the common gene product would be superimposed. Finding these coordinate transformations defines the registration problem.
One common approach to image registration is the point mapping technique. It is based on the extraction of "ground control points" (GCP) (Brown, 1992) , which are a small number of characteristic features in each image, and application of a coordinate transformation to make the images coincide as closely as possible. Here we apply the point mapping technique by extracting discrete features from gene expression patterns by means of quadratic splines or the wavelet transform, and apply affine coordinate transformations that minimize the distance between corresponding GCP on different embryos.
Both methods have been presented in preliminary form elsewhere (Myasnikova et al., 1999 , Kozlov et al., 2000 . This work demonstrated the feasibility of the approach for later patterns with well resolved features that yield well defined GCP. In this complete report we extend our research to the development of the method for registration of images with poorly resolved early patterns and include in our analysis additional segmentation genes. We show that the registration procedure is biologically consistent by comparing and cross-validating results obtained by the two methods for the extraction of GCP. In addition methods for construction of the integrated dataset from the series of embryos of the same age and for a comparison of accuracy of different registration techniques are presented.
System and Methods

The Dataset
In our experiments gene expression was measured using fluorescence tagged antibodies as described . For each embryo a 1024 × 1024 pixel image with 8 bits of fluorescence data in each of 3 channels was obtained. To obtain the data in terms of nuclear location an image segmentation procedure was applied (Kosman et al., 1997, Myasnikova et al., 1999 and Kosman et al. in preparation) . The segmentation procedure transforms the image into an ascii table containing a series of data records, one for each nucleus. Each nucleus is characterized by a unique identification number, the x and y coordinates of its centroid, and the average fluorescence levels of three proteins. The embryo is oriented so that the x axis corresponds to the anteriorposterior (A-P) axis of the embryo and the y axis to the dorsal-ventral (D-V) axis. In the segmented data files, x and y coordinates are expressed as percent of the maximum size of the embryo in the x and y directions.
Our dataset contains confocal scans of about 1400 embryos stained for the maternal coordinate genes bicoid (bcd) and caudal (cad), the gap genes Kruppel (Kr), knirps (kni), giant (gt), tailless (tll) and hunchback (hb), and the pair-rule genes even-skipped (eve), runt (run), hairy (h), fushi-tarazu (ftz), odd-skipped (odd), paired (prd), and sloppy-paired (slp). Each embryo was stained for eve and two other genes. Acquisition of these data is an ongoing process. In this work we describe the application of registration methodology to a group of 417 embryos from Oregon-R flies stained for Kr, hb, gt, kni, eve, run, h, ftz, and odd. All of these embryos belong to cleavage cycle 14A (Foe and Alberts, 1983 ). This cycle is about an hour long and is characterized by a rapid transition of the pair-rule gene expression patterns, which culminates in the formation of 7 stripes.
Temporal Classification
The goal of temporal classification is to obtain groups of embryos which are indistinguishable with respect to the temporal development of expression patterns. An important biological corollary of this procedure is that it is a test of the temporal synchronization of the change in pattern of different genes, since a temporal equivalence class ("temporal class") will only be valid if the expression patterns for each gene are indistinguishable within the class. Thus the entire registration procedure is also a direct measurement of levels of developmental noise.
We subdivided the 417 embryos into 8 temporal classes (Kosman et al., in preparation) . Each embryo is allocated to one of the temporal classes on the basis of thorough and extensive visual inspection of pair-rule gene expression patterns, particularly that of eve, which is highly dynamic. We selected embryos within cycle 14A for scanning without regard for age, so we expect our dataset to be uniformly distributed in time. The 8 classes are approximately equally populated, and since cycle 14A is about 50 minutes long (Foe and Alberts, 1983) , each class represents a little over 6 minutes. The eve patterns of an earlier, unequally populated division into 9 classes has been published elsewhere (Myasnikova et al., 1999) . We are currently calibrating the 8 classes used here against in vivo morphological markers standardized against physical clocks (Merrill et al., 1988) ; this work will be published elsewhere.
The evolution of the expression patterns of eve during cleavage cycle 14A shows the following tendency. Time classes 1, 2, and 3 do not have seven well-defined eve stripes and the number and location of stripes changes rapidly. The remaining groups (classes 4 to 8) do have seven well-defined stripes. After all the stripes are clearly visible their intensities increase in 2 the posterior portion of the embryo. By the end of cycle 14A, all eve stripes have reached maximum and equal intensity and maximum sharpness.
Time classes 1, 2, 3, and 4 could be grouped according to the number of individual eve domains which have formed. The remaining groups (classes 5, 6, 7 and 8) all have 7 well defined eve stripes and were classified by features of the overall eve pattern along with the patterns of other pair-rule genes.
Methods
All the algorithms described in this paper are implemented in C running on Unix. The programs have been tested and used on a SPARC/SunOS 5.0 platform, a PII/Linux system, and Alpha/DU 4.0E systems.
Algorithm
The Extraction of GCP for Registration
Expression of segmentation genes is largely a function of position along the anterior-posterior axis of the embryo body, and so can be well represented in one dimension. Registration of gene expression domains belonging to embryos of a given time class is performed for the segmented data extracted from the central 10% of y values on the midline of an embryo in the A-P direction (x coordinate). The y values of these data are then ignored, and the patterns, demonstrating the variation of gene expression along the x axis, are presented as diagrams. The stripes and interstripes then have the form of peaks and valleys respectively. It is natural to use extrema of expression domains as GCP for registration, but the noise on the peaks makes it rather difficult to find the extrema location directly from the raw data. There exist many methods based on different principles for extracting the features from an 1D signal of this type. We have employed quadratic and cubic spline approximations as well as the wavelet transform (with continuous basis) to extract extremal features of the pattern as GCP.
The spline method is a procedure for approximating a function piecewise by polynomials of a given order which are constrained to follow certain continuity requirements at the borders ("knots") of the approximated segments. This method provides a smooth approximation of the curves and enables us to estimate extrema in the presence of noise. In a quadratic spline, the function and its derivative are continuous across a knot, while a cubic spline also requires continuity of the second derivative. We find that quadratic splines give a smaller estimated variance than cubic splines in a least squares estimation, and hence provide a better fit.
The other method for extracting the characteristic features from the original signal is the "fast redundant dyadic wavelet transform" (FRDWT) with a continuous basis (Unser, 1996) . While wavelet-based methods have recently become popular in image processing as a compression tool, the basic properties of this transform are noise reduction and good localization of characteristic features. The choice of the basis is determined by the type of features to be extracted and used as GCP, which in our case is the first spatial derivative of the signal.
In these methods we apply different approaches to extracting the GCP. While the spline method localizes the extrema by approximating their position by the extrema of polynomials, the wavelet transform extracts from the signal the information about zeros of its first derivative, which are then considered as GCP. In order to be sure that these methods do not introduce nonbiological artifacts, we cross-validate them against one another by comparing the accuracy of registration against the GCP obtained by each method.
Quadratic Spline Approximation
The simplest approximation is provided by a quadratic spline with M flexible knots, where first derivatives are constrained to be continuous at each knot. The system of knots, x 1 , x 2 , . . . x M , is introduced as a set of distinct points on the x axis, which border the area of each peak. Each knot is located at a point between a peak and the adjacent valley. For late patterns the number of knots is equal to the total number of minima and maxima on the given curve plus two. Early patterns may require a larger number of knots, a point discussed in detail below. The quadratic spline with M knots can be represented as
where (x) + = max(x, 0).
Optimization procedure. Given the sample of
, the x coordinates of N nuclei under consideration, and
, the values of protein intensity in each nucleus, the (3 + 2M ) parameters of this approximation are to be estimated by the least squares method, minimizing the cost function
The partial derivatives of S 1 with respect to the spline parameters are set to zero and for the given set of knots
are estimated by solving the system of (3 + M ) linear equations.
As can be seen from the equation (1), although the cost function is linear with respect to the spline parameters zetas, it is quadratic with respect to the knot parameters, and so a non-linear optimization procedure for their estimation is required. The overall optimization is done as a two step procedure, in which the knot locations are found by the Nelder-Mead "downhill" simplex method (Press et al., 1988) procedure the exact minimum of the cost function S 1 is found by solving the linear system for the current set of knots. The Nelder-Mead method is well known for being strongly dependent on the choice of the initial values of the parameters. However this problem is not crucial in our case, as the location of a knot is restricted by two adjacent extrema, and so an initial estimate of its value can be made with good accuracy from the raw data.
Extraction of GCP. As a result of the approximation each curve is specified by a set of knots { x j } M j=1
and by the spline parameters {ζ 0k } 2 k=0 and {ζ n2 } M n=1 . From these parameters the x coordinate of the kth peak's extremum is given by
On the left panel of Figure 1 we present the experimental Eve concentration data together with its spline approximation. This example shows that the location of peaks on the curve is found with good accuracy.
In embryos at early stages of development the patterns have a less distinct form because the number and shape of peaks have not stabilized yet. To provide a better fit to asymmetric and smooth peaks on the patterns of this type the number of knots should be taken greater than the real number of the extrema which have already formed. To do this several extra knots are added to those determined by zeros of the first derivative. In such a case some of the points X k given by (2) do not represent the real extrema of the spline function. This will happen if X k is not located between two adjacent knots x k and x k+1 . So to extract the set of GCP we need to select those of X k which satisfy the condition x k < X k < x k+1 and thus the number of GCP will be less than M − 1.
Fast Redundant Dyadic Wavelet Trans-
form The wavelet basis, or frame in the redundant case, is defined on a Hilbert space with l 2 norm (a complete inner product space of sequences). This basis is a set of functions that are dilations and translations of a single function that can be chosen with compact support, which means that it is nonzero in a limited area. The compact support (or, in a computational context "finite window size") of a wavelet means that it can be well approximated in convolutions by a small sequence of numbers. The redundancy of the transform permits high quality numerical localizations of GCP.
In practice, these features are used in the dyadic wavelet transform by decomposing the signal in terms of its frequency components and window sizes into two sequences: the so called "low pass" and "high pass". At each level of the decomposition the input signal is smoothed by removing the noise of a certain frequency and is placed into the low pass. The high pass contains the information on the features of the input signal, which are determined by the choice of the appropriate wavelet basis (Unser et al., 1994 , Unser, 1996 . To localize the extrema, i.e. zeros of the first derivative, we apply basis functions that put the characteristics of the first derivative into the high pass. The number of observations in each sequence equals that in the original sample because of the redundancy of the transform and hence no information is lost about localization of the extrema.
The FRDWT is defined by the equation
where k ∈ Z (the integers), a is the frequency window scaling factor and ψ denotes the complex conjugate of a function ψ. The transform is applied to the set of test functions
that are obtained by translation and dilation of a single function ψ(t): Thus FRDWT uses a set of variable window sizes that are proportional to 2 −j and maps a function f (t) into two double sequences: low pass
, where ψ is a wavelet and φ is a scaling function. The transform operates at all dyadic scales to extract information about the signal. We choose ψ(t) = 3 4 t exp(−t 2 /2) which extracts information about the first derivative and φ(t) = 3 4 exp(−t 2 /2) which is responsible for smoothing.
Computation. As we mentioned above, while the wavelet transform is defined in terms of integrals, it can still be computed exactly through an appropriate sequence of discrete convolutions (digital filters). This is only possible because of the general Hilbert space framework, which allows one to represent the input signal f and the wavelet in terms of linear combinations of shifted basis functions. So in order to analyze a discrete signal with N components, f (k), k ∈ I N = 0, . . . , N − 1, one starts by computing
Next, we compute the inner products between the input signal and the scaling functions at the various dyadic scales :
where h(k), k = −N h , ..., N h is the refinement filter. The transform is then computed by convolving these signals with the dilated version of the wavelet
where p(k), k = −N p , ..., N p is the wavelet coefficient sequence. For (k + ml) ∈ I N periodic boundary conditions are used: Extraction of GCP. To implement the registration we extract the zeros of the first derivative (high pass) of the signal, which are used as GCP. This is done recursively, so that zeros of the derivative in a given iteration are extracted from the low pass output of a prior iteration. This eliminates spurious GCP from noise, and the criteria for deciding that this procedure is complete come from prior knowledge of two features of the patterns:
1. The maximal number of control points (extrema) N max is known for each time class. In particular the late eve patterns have 7 peaks and for them N max = 13.
2. The peaks are located in the area from approximately 20% to 90% of embryo body length. So the left x min and right x max borders of the GCP extraction area are defined.
At each step of decomposition all the available zeros of the high pass are extracted. Let the number of zeros obtained at the jth level be N j . Then given N max , the level of the decomposition J which provides the best extraction of the GCP can be selected. We applied the FRDWT to each pattern recursively while N j > N max . On the jth level of recursion two sequences s j (k) (low pass) and r j (k) (high pass), k = 0, ..., N, are obtained. At that level of decomposition when N j = N max the set
is considered as the set of control points. Sometimes it may happen, especially for early patterns, that the condition N j = N max is never satisfied and the required number of GCP cannot be obtained at any level of decomposition. In this case the area of GCP extraction has to be corrected for this specific pattern to reject extra zeros at the edges.
This algorithm is illustrated in Figure 1 . The original signal is shown by points on the left panel. On the right panel the low pass and high pass of the original signal are presented at the level of decomposition used for extracting the GCP.
Image Registration.
The registration of images is performed by transforming the patterns along the x axis by the affine transformation x = xρ+Δ, so that the total distance between the x coordinates of all the extrema {X k } M k=1 is minimized. An example of such registration is presented in Figure 2 .
In our experiments each embryo has been stained for three gene products, one of them always being the product of the pair-rule gene eve. However it is only at the late half of cleavage cycle 14A (i.e. for temporal classes 5 to 8) that eve expression patterns yield a sufficient number of GCP for registration. Early eve patterns do not have well-defined individual stripes and hence few GCP are detected by approximation. Thus there is no possibility of achieving good accuracy of registration of the early embryos against only the eve pattern and registration of the patterns of time classes 2 through 4 was performed using all three proteins stained for each embryo. In contrast to eve we use a different approach to extracting GCP from the patterns of other gene products. There does not exist a common method to specify features of all the gene patterns because of the large variety of their expression domains. But usually it is sufficient to add only one or two extra control points to those found from the eve pattern. Hence, while so far our aim was to extract as many GCP as possible from the eve pattern, we do not try to identify more than one point on a pattern of any other protein. For the extra control point we used the maximum of the most distinct peak of expression. Thus the set of GCP is increased by two elements, which improves the quality of registration.
Construction of an Integrated Dataset
The purpose of spatial registration is to construct a map of all segmentation gene products from a set of embryos of the same age. Each protein in the map will have an "integrated pattern" defined by average concentrations of the protein over an age group. An ideal integrated pattern could be constructed in such a hypothetical situation where all embryos were built of a set of identically located nuclei with identical coordinates. In this case an average concentration of the protein could be computed in each nucleus independently. But in fact the number and location of nuclei constituting patterns are variable and therefore all the patterns should be brought to a unified discrete scale. To do this the coordinates of nuclei in each pattern in the registered dataset are grouped along the x axis into R intervals. Then within each interval the average value of protein concentration is computed over all the embryos in the time class. The number R is chosen in light of the fact that a single nucleus is very close to 1% egg length in diameter (D. Kosman, unpublished observations). Thus, R = 100 can be interpreted as a single row of nuclei, and R = 200 can be interpreted as a double row of nuclei where the centroids of nuclei in one row lie between nuclei on the adjacent row.
The methods presented in this paper also allow us to estimate the variance of integrated patterns. This enables us to assess the variability of the protein concentrations. Standard deviations are estimated at each grouping interval and the confidence limits of the integrated pattern are constructed. The variance σ at each point of an integrated pattern can be estimated by a standard deviation. In the absence of a complete statistical model of the data assembly procedure, a useful measure of confidence is given by 2σ, which for independent normally distributed data denotes a 95% confidence limit that observations will fall in this range.
Percent Egg Length
To illustrate this the integrated pattern of gap gene giant, belonging to time class 8, is presented in Figure 3 together with 2σ confidence limits. This reflects a reasonable estimate that all the individual giant patterns, taken from time class 8, will lie between the upper and lower confidence limits with at least 95% probability. The large standard deviation of the y values in the anterior portion of the embryo is due to large variation of Giant concentration in this area. Because gene expression observations from adjacent nuclei in the same embryo are correlated, this confidence limit is conservative.
2.4.6 Estimation of accuracy of registration method To estimate the registration accuracy we need to introduce a criterion constructed directly from the raw data and independent of the registration method. The width of the confidence bands can gives a visual impression of the registration quality, but the confidence limits of the protein intensity are computed at each nucleus of the integrated pattern and so are presented by vertical error bars (see Figure 3) . From the biological standpoint the aim of registration is good alignment of borders of the expression domains of different individual patterns. Thus an error of registration would be rather computed as a "horizontal error" of the domain location along the x axis.
In introducing our criterion we proceed from the nuclear structure of expression patterns. As a first step the borders of gene expression domains are detected from an integrated pattern. Expression domains are defined as areas where the protein concentration exceeds a given threshold value. Then for each individual pattern we count the number of nuclei, which are a) located inside the expression domains with their concentration values less than the threshold value, and b) located outside the expression domains with their concentration values greater than the threshold value. Thus we detect "error" nuclei of two types. The percent of such nuclei is considered as a measure of alignment accuracy between a given individual pattern and the integrated one. This procedure is demonstrated in Figure 4 . The average percent of the "error" nuclei number over all the group of registered patterns, is defined as a criterion of registration accuracy for this group. 3 Implementation: results of spatial registration
Embryos of approximately the same age, i.e. belonging to the same time class, were subjected to spatial registration against the common eve expression domain. Table 1 presents the results of eve registration by two methods, described in this paper, for all the temporal classes. The locations of extrema on the approximated curve, averaged over the time class, are given together with their standard deviations. For the late patterns the standard deviations of the stripe locations are quite small, in most cases less than 0.5% egg length. A single nucleus is about 1% egg length in diameter, so this represents a high level of accuracy. Comparison of the standard deviations show that both methods give approximately the same degree of registration accuracy.
Using the spline method embryos of time classes 2, 3 and 4 were registered against the patterns of all three proteins stained in these embryos. At the same time the registration by means of the wavelet method was implemented using the single eve pattern. As would be expected the three protein registration provides the better accuracy than the single protein one. In general the standard deviations for early classes are greater than for the late ones, because of the imprecise shape of early patterns.
Comparing two methods for extracting the GCP, we have drawn the following conclusions. Both of them provide very close results but while the wavelet method is faster, the spline-based one is a more flexible tool for finding the extrema on the early patterns. Using wavelets we may miss some of weakly expressed extrema.
The accuracy of the registration of late eve patterns was estimated by the criterion introduced in section 2.4.6. In Table 2 values of the criterion are given for time classes 5 through 8. As a threshold value we take the half maximum of each peak's amplitude. For example for the integrated eve pattern belonging to the eighth time class this value is taken equal to 120 for all the peaks (see Figure 4) . The table does not show any significant advantage of any of two methods, but for the very late classes the spline method provides a little better quality of registration. Accuracy increases with time due to sharpening of the borders of expression domains. In early patterns borders of the domains are determined much less precisely and the criterion cannot be applied.
method class 5 class 6 class 7 class 8 spline 9.8% 7.2% 6.3% 5.9% wavelet 9.8% 8.3% 7.4% 7.8% Spatial registration enables us to create for each temporal class the integrated expression patterns of all the segmentation genes. To ensure reliable statistical properties, these patterns were created only for those genes which have been stained in more than 9 7 .44(0.76)[43] 31.67(0.56)[60] 32.36(0.71) 31.81(0.40) 31.66(0.40) 31.93(0.37) 31.82(0.39) 32.22(3.77)[43] 32.49(1.77)[60] 32.46(0.93) 32.33(0.45) 31.89(0.45) 32.26(0.38) embryos. We present in Figure 5 the integrated patterns of 9 segmentation genes attributed by visual inspection to temporal classes 5 and 8, registered with splines. The integrated expression domains of all the genes taken from the embryos attributed to time class 8 are displayed on the top panel. The patterns belonging to the intermediate time class 5 are distributed into two lower panels, which show the gap and pairrule genes separately. The expression domains of gap genes are already formed at the beginning of cleavage cycle 14A and are intensified and refined during that period. The pair-rule patterns are extremely dynamic during this cycle, transforming from very broad domains to sets of seven well-defined stripes. The registered patterns were mapped onto a set of 100 averaged nuclei.
Discussion
In this work the 1D spline and wavelet based techniques were applied to the registration of data from 417 embryos. As GCP for registration we used the locations of extrema on gene expression patterns, represented in 1D. Both methods possess the ability to estimate extrema location in the presence of noise. The spline-based method is more time consuming but it is more flexible in extracting the GCP from the early patterns. By visual inspection of the highly dynamic pattern of eve, all embryos were assigned to one of eight temporal classes. For later temporal classes, which are characterized by seven well-defined eve stripes, both registration methods are marked by unprecedented high accuracy. We have mapped the location of expression domains to within less than 0.5% egg length, and often to as little as 0.2% egg length, using tens of embryos. Similar analyses by hand (Frasch and Levine, 1987 ) used 14 or fewer embryos and obtained standard deviations of 1.6% for eve stripe locations. The registration in very early classes is less accurate due to the high variability of stripe number and location within the same temporal class.
The biological validity of our methodology is strongly supported by the data in in Table 1 , which shows highly consistent results on the locations of eve expression doamins as determined by two independent methods.
We have proposed a new criterion estimating an accuracy of registration of late eve expression domains. This criterion is independent of the registration method and is based on the nuclear structure of gene expression patterns. Thus it is a useful good tool for the comparison of different registration methods.
In this paper we have introduced a method for constructing integrated pattern of each gene expression at cellular resolution. In brief the idea of the method is to average a given gene's expression data in the registered dataset and map them onto a set of nuclei of an averaged embryo. Even more interesting from a biological perspective, the variance of integrated patterns can be estimated. In general the late patterns are characterized by much smaller variability than the early ones.
This paper conclusively demonstrates that it is possible to construct a gene expression map of a morphogenetic field by bootstrapping from fragmentary data. In that sense it bears some analogy to the reconstruction of genomic sequence from contigs in classical genomics. As in situ data becomes available on a wider scale, we expect the methods developed here to become useful to a growing community working on 8 This paper is devoted to the underlying informatics of constructing a gene expression dataset. Many important data analysis tasks relating to the biology of the system remain to be accomplished. For example, the standard deviations in Table 1 come from both inherent developmental noise and from residual nonsynchrony of embryos within a time class. Separating these effects is an important statistical problem whose solution will have fundamental biological implications. The complete dataset will also be important for constructing dynamical models of development at greater accuracy that was previously possible , as well as for basic studies of transcription (Hewitt et al., 1999) . In summary, we expect that the full publication of this data, to be reported elsewhere, together with its analysis by ourselves and others will have interesting implications for developmental biology.
